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Causally Interpreting Intersectionality Theory
Liam Kofi Bright, Daniel Malinsky, and Morgan Thompson* y Social scientists report difficulties in drawing out testable predictions from the literature on intersectionality theory. We alleviate that difficulty by showing that some characteristic claims of the intersectionality literature can be interpreted causally. The formalism of graphical causal modeling allows claims about the causal effects of occupying intersecting identity categories to be clearly represented and submitted to empirical testing. After outlining this causal interpretation of intersectional theory, we address some concerns that have been expressed in the literature claiming that membership in demographic categories can have causal effects.
1. Introduction. Intersectionality theory focuses on the idea that people occupy multiple demographic categories. This introduces complexities into social analysis. Work that does not pay explicit attention to these complexities often thereby distorts and misrepresents people's experiences. As a popular slogan has it, social theory concerning gender and race has tended to proceed as if "all the women are white, all the blacks are men." Minimally construed, intersectionality theory is the attempt to correct these analytical failings by directing theorists' attention to the ways in which intersecting demographic categories produce distinctive effects.
Recently, a number of social scientists have called for a better understanding of the predictions of intersectional theory and how to test intersectional hypotheses ðe.g., McCall 2005; Bowleg 2008; Cole 2009Þ . Despite the growing popularity of intersectionality theory, discussion of methods of testing intersectional hypotheses has often remained vague. Few works in intersectional theory provide concrete examples or suggestions for empirical tests based on detailed theoretical analysis ðDubrow 2008Þ. Even where concrete examples of the application of intersectional theory have been given, it has still remained unclear how exactly social scientists might test the predictions that follow from these cases ðKantola and Nousiainen 2009Þ. As we shall now show, this has led to much conflicting advice as to how best to test the claims of intersectionality analysis in the social scientific literature.
Difficulties have arisen with attempts to study intersectional hypotheses by quantitative means. The "best-practices guide" for psychologists interested in applying intersectional theory suggests that factorial designs may not be ideal for testing intersectional hypotheses ðWarner 2008Þ. Cole ð2009Þ suggests that statistical models may be indispensable for intersectional analyses of employment, income, health, and social life. Yet she cautions that quantitative analyses might miss qualitative differences between groups such that, for example, the experiences of black women predicted by intersectional theory cannot be measured by statistical interactions ðDu-brow 2008Þ.
Given these difficulties, many intersectional theorists favor qualitative methods over quantitative methods for exploring intersectional issues ðStewart and McDermott 2004; Bowleg 2008Þ . Furthermore, much of the preference for qualitative analysis seems to be due to an emphasis on studying the "context of lived experience" of members of some marginalized group ðJordan-Zachery 2007, 261Þ. This seems to be better reflected by qualitative, as opposed to quantitative, work. However, qualitative analyses often involve one-on-one interviews or observations. Because these interviews take a significant amount of time for each participant, these qualitative studies often focus on individuals who are thought to belong ðperhaps on the basis of a priori theory or background commitmentsÞ to marginalized groups. These methods are sensitive to the fallibility of the theories or background commitments that guide sample selection; researchers may miss out on the experiences of individuals who are not known ahead of time to be marginalized. Also, such a focus may promote the idea of marginalized groups as "Other" ðChristensen and Jensen 2012Þ. Further, emphasizing qualitative methods at the expense of quantitative methods may lead researchers to forfeit large survey data sets, often ones collected by a government agency or even cross-national ones, which can be very informative ðDu-brow 2008Þ.
We believe that the disagreement in the social scientific literature calls for pluralism about methods for testing intersectional hypotheses. To this end, we are responding to the call of quantitative researchers to develop better methods for testing intersectional claims with available large data sets. We see that our project is largely consistent with projects to improve qualitative methods by, for example, increasing sample sizes or extending the interviews to nonmarginalized groups. Our article will provide a method of translating certain characteristic claims of the intersectionality literature into statistically testable conjectures, which we hope will be of use to both social scientists and intersectional theorists elsewhere in the academy. In particular, we argue that interventionism and causal graphical modeling can provide a framework for testing claims about nonadditive effects and qualitative shifts in causal structure based on the intersection of certain variables. Note that we will not claim that these conjectures represent the entirety of intersectional analysis; our stance is compatible with the pluralism that acknowledges that the variety of problems addressed by means of intersectional analysis calls for a variety of methodologies.
2. Intersectionality Theory. Our analysis will address social scientists' concerns about applying intersectionality analysis by providing causal explications of some key claims in the intersectionality literature. To explicate a concept is to make it more precise in order to resolve ambiguities in such a way that the concept can be fruitfully applied in future research ðLeitgeb 2013, 271Þ. There is a demand in the social scientific literature for clarification of the methods by which claims made within intersectionality analysis can be tested. We believe that our explication of key intersectional concepts-which we shall call 'switch intersectionality' and 'nonadditive intersectionality'-will meet that demand by providing precise conditions under which intersectionality claims can be ðdisÞconfirmed. It is this increase in the ability to draw out predictions that we believe vindicates our explication of intersectional concepts. We also believe that our explication is well grounded in the literature that has appeared on intersectionality. In this section we detail the relationship between our explication and previous work on intersectional theory.
Consider the following claim: "The first core idea of intersectional knowledge projects stresses that systems of power . . . cannot be understood in isolation from one another; instead, systems of power intersect and coproduce one another to result in unequal material realities and the distinctive social experiences that characterise them" ðCollins and Chepp 2013, 60Þ. This quote is taken from an article on intersectionality in the Oxford Handbook of Gender and Politics and is thus a deliberate attempt at stating the key principles of intersectionality studies for as wide an audience as pos-sible. The claim admits of multiple interpretations, and we wish to draw attention to one in particular: the causal interpretation. Under this interpretation, when it is said that systems of power "intersect and coproduce one another," we interpret it as meaning that when given systems of power intersect, they produce causal effects on individuals ðor groupsÞ that they would not produce, or would not produce in the same way, if they did not intersect. We will explore two specific ways the causal interpretation of intersectionality analysis can manifest itself in the social sciences.
The first claim from within intersectional theory we explicate is what we call 'nonadditive intersectionality', which is the claim that somebody's intersectional identity can influence his or her life more than one would realize if one considered each of the identity categories separately ðWeldon 2006; Hancock 2007; Bowleg 2008Þ . We interpret this as meaning that some causal effects of belonging to multiple identity categories are stronger than one might have predicted from information about the causal effect of belonging to each identity category considered separately. Take, for instance, the claim made here: "In some cases the negative effects of racism and sexism might multiply each other, rendering women of color most disadvantaged on a dependent variable ðe.g., incomeÞ" ðCole 2009, 177Þ. There is already a causal effect of being a woman on one's income, and likewise there is already a causal effect of being a person of color. The intersectional phenomenon Cole reports is that occupying the intersectional identity of being a woman of color serves to amplify these causal processes.
The second claim to be explicated is what we call 'switch intersectionality'. Such claims describe causal relationships that are ðdeÞactivated only for individuals who occupy the intersection of certain identity positions. Consider, for instance, the following point from Dotson ð2014, 52Þ: "½There exists a tendency to theoretically erase the experiences of oppression that are invoked as a result of being black women and not merely being black or a woman." We believe it is consistent with the author's intentions to say that combating this tendency involves acknowledging that the fact that a person is a black woman, rather than black or a woman considered singularly, causes her to undergo certain experiences. We will provide an analysis of switch intersectionality, which is to say causal processes that are activated only when the individuals under study occupy particular intersections of demographic categories.
In addition to providing a framework for stating and testing claims about switch or nonadditive intersectionality in social research, we also hope to contribute to ongoing debates in intersectionality theory itself. As noted in section 1, there has been a debate over the comparative virtues of qualitative and quantitative studies on intersectionality. We will offer a partial defense of quantitative studies of intersectionality. In particular, we will argue that the following two claims are false. The first claim is that quantitative methods cannot detect the complexities with which intersectional theory is concerned: "Standard social scientific methodological techniques that attempt to isolate the effects of gender by controlling for race/ethnicity, or to isolate the effects of race/ethnicity by controlling for gender, are at odds with any attempt to study the complex interaction of race-gender in an organization. . . . Quantitative techniques designed to reveal uniformities of behavior are by design insensitive to difference, treating anything that deviates from the norm as an outlier or anomaly" ðHawkesworth 2006, 216-17; see also Carastathis 2014, 308Þ. Switch intersectionality seems to be a prime example of intersectional analysis focusing on different effects introduced by the complexities of interactions between demographic categories. In particular, it is designed to aid the quantitative study of systematic qualitative differences in causal effects that arise from demographic differences within the population. The second claim we hope to show is false comes from Bowleg ð2008Þ. It is claimed there that quantitative methods are simply unable to make sense of the nonadditive intersectionality: "Alas, what holds in theory does not always translate easily to practice. Indeed, I would argue that it is virtually impossible, particularly in quantitative research, to ask questions about intersectionality that are not inherently additive" ð314Þ. But our analysis of nonadditive intersectionality aims to do just that. Hence, if our explication succeeds, it will show that quantitative techniques are adequate for stating and testing claims concerning nonadditive intersectional effects.
Some work in the quantitative social sciences claims to capture intersectionality by using traditional regression techniques along with interaction terms ðe.g., Hinze, Lin, and Andersson 2012Þ. Interaction terms are included in a regression model to account for the possibility that the best predictive model will be different for specific subpopulations in the sample. But these modeling techniques are purely predictive, not causal. That is, a statistically significant interaction term does not necessarily indicate how or if the interacting categories cause the outcome of interest; it tells us nothing about how the outcome might change if the system were manipulated in some way. Intersectionality theorists regularly use causal language in their descriptions of the phenomena, and they are often interested in guiding policy to produce better outcomes-not only in making predictions about future data points from present ones. If this is right, then they ought to be interested in estimating causal parameters, not just correlations. Regression analysis can be used to estimate causal parameters only under certain conditions on the data ðeither randomized treatment or control for all possible confounding, etc.Þ. Without data that satisfy these conditions, regression estimates are measures of only association, not causation. To derive causal conclusions from purely associational results is to commit a well-known fallacy.
Finally, our framework could help address criticisms that have been leveled at intersectionality theory. Perhaps unsurprisingly in light of the disarray documented in the social science literature, intersectionality theorists have been criticized for not implicitly or explicitly outlining a methodology ðMutua 2013, 364Þ. As we shall demonstrate in the next section, the causal interpretation of intersectionality theory comes prepackaged with an attendant methodology and so avoids this line of attack. More substantially, proponents of postintersectional and multidimensionality analysis have charged intersectionality theorists with making false predictions about, for instance, the social consequences of being perceived to be a heterosexual African American male in the twentieth-century United States ðMutua 2013, 358Þ. However, as Mutua shows, it is not clear that intersectionality theorists were actually committed to the erroneous predictions these critics attributed to them. To explain why critics thought these phenomena were inconsistent with intersectionality theory, Mutua notes that intersectionality theorists typically concentrate on some demographics more than others, and hence it was not clear how to expand their ideas beyond these groups. Mutua advocates providing 'thick descriptions', which are in-depth qualitative accounts, of a greater variety of persons as the proper method of carrying out further intersectional studies to avoid running into similar criticisms in future ð364Þ.
Such qualitative work is important and useful on other grounds, but we do not believe it will address the problem Mutua has identified. Thick descriptions are by their nature particularist, and they will always be difficult to generalize from. While we anticipate that many intersectionality theorists would welcome a theory that resists supporting generalizations, we do not think that should be celebrated in this case. For, as Mutua's analysis exemplifies, in this case the inability to support generalizations makes intersectionality theory much harder to falsify and thus risks rendering the theory devoid of empirical content ðPopper 2008, 45-48; Curry, forthcomingÞ. The causal interpretation of intersectionality theory does not commit the intersectionality theorist to any specific substantial generalization about social life. It does, however, make it clear what sort of things should be tested for if one wishes to search for certain sorts of intersectional effects within any given population. To that extent it supports generalizations of intersectionality theory and renders it falsifiable.
Note that while we hope to support intersectionality theory by producing our explication, in this piece we will not directly vindicate the methods or claims of intersectionality theory by demonstrating their successful application on some data set. It remains open to the critic of intersectionality theory to argue that there are no interesting causal claims of the sort we explicate that have been or will be confirmed by the intersectionality theorist. Nonetheless, the application of these methods should advance the dialectic between in-tersectionality theorists and their critics. If intersectionality theorists apply these methods and generate confirmed interesting causal claims about the structure of social life, it will represent a significant vindication of their theory. If, on the other hand, it turns out that when these methods are applied one still cannot confirm any interesting causal claims about the structure of social life, this would strengthen critics' case. Neither the original qualitative methods first proposed nor our new causal statistical machinery would have been able to generate evidence for the general claims of intersectionality theorists. This would suggest, against both Mutua's claims and our own beliefs, that the apparently failed predictions of intersectionality theory in the cases discussed by postintersectionality theorists were not the result of a particular flawed methodology and are perhaps instead indicative of a deeper flaw in the theory. Hence, whether the application of our proposed methods should result in well-confirmed causal claims for intersectionality theory or not, the methods outlined here should be of interest to all those interested in the empirical adequacy of intersectionality theory.
The causal interpretation of intersectionality thus serves three purposes. First, it provides a plausible and precise interpretation of some of the characteristic claims of intersectional theory. It therefore sheds light on the content of previously established theory. Second, as we shall show in the following sections, it allows us to give empirical content to intersectional claims in terms that are familiar to statistical social science. Hence it allows for the theory to be both applied with greater ease and submitted to more rigorous testing. Third, it addresses concerns authors have had about intersectionality theory and the role of quantitative methods in the study of intersectionality. We use the machinery of causal graphical modeling to carry out the explication that constitutes the causal interpretation of intersectionality and fulfill these purposes. That machinery is described in the following section.
3. A Brief Introduction to Causal Graphical Modeling. Causal graphical models, and causal Bayesian networks ðCBNsÞ in particular, are representational tools for making causal inferences from data. The following presentation will be broad and mostly informal.
1 Here we will highlight facts relevant to just two potential applications of causal graphical models that might be useful to intersectional social theorists: representing causal hypotheses and searching for them from data algorithmically. Note that the meaning of "cause" is deliberately left unspecified here; the formal mod-eling and associated inference rules can be useful for a number of different understandings of causation. CBNs can aid in making inferences regarding counterfactuals, mechanisms, or the outcomes of interventions. In social science applications, the outcomes of interventions are often of particular interest, and so we will use interventionist language in the present discussion. We raise some issues with the interventionist interpretation in this context in section 5.
We begin with some terminological preliminaries. A graph consists of a set of vertices ðor nodesÞ that are random variables, connected by edges. The random variables can be either continuous or categorical ði.e., they can take on a finite set of discrete valuesÞ. Edges represent direct causal connections between the variables: if X → Y, then X is a cause of Y. We also say that X is a parent of Y and Y is a child of X. A sequence of edges is a path. If there is a path from X to Z that consists of directed edges with arrowheads toward Z ða directed pathÞ, then X is an ancestor of Z and Z is a descendant of X. To make matters concrete, consider the graph in figure 1. This is a directed acyclic graph ðDAGÞ, meaning that all the edges are directed ðone arrowhead, one directionÞ and that there are no cycles ðno directed paths that start and end at the same vertexÞ.
Assume that all the variables are categorical: the values of Parental Income, Education, Wealth, Gender, and Race are each discretized into, for example, two to four categories. In this graph Parental Income and Education are both direct causes of Wealth, and additionally, Parental Income is an indirect cause of Wealth via its influence on Education. Suppose we know the joint probability distribution over all our measured variables for some population. It is standard in the literature to make at least two assumptions about the relationship between our causal model and the joint probability distribution. These assumptions refer to probabilistic independence. Two variables X and Y are ðunconditionallyÞ independent if their joint probability distribution factorizes, that is, if PðX, YÞ 5 PðXÞPðYÞ. Informally, this means that learning the value of Y yields no information about X. The variables X and Y are conditionally independent given Z if PðX, YjZÞ 5 PðXjZÞPðYjZÞ. Informally, this means that learning the value of Y when the value of Z is already known yields no information about X. The first assumption is the causal Markov condition, which says that the joint probability distribution for the variables in the graph factorizes in a certain way: specifically, every variable in the graph is conditionally independent of its nondescendants, given its parents. This means that Education is independent of Gender given Race and Parental Income. The second assumption is called faithfulness, which requires that the only independencies reflected in the graphical structure are the independencies entailed by the causal Markov condition. This is a way of saying there is no "accidental canceling out" of causal pathways, making variables appear to be independent when they are in fact causally connected ðand therefore dependentÞ. See Spirtes et al. ð2000, 29-42Þ for discussion of these assumptions. These two basic assumptions are ubiquitous in causal modeling, at least in social science applications.
The absence of an edge between two variables indicates that they are probabilistically independent given some subset of the other variables in the graph, including possibly the empty set. Race and Parental Income are independent in figure 1 . However, the graph also predicts that Race and Parental Income are dependent conditional on Education. The reason is that the three variables form an unshielded collider at Education. A collider is a triple X → Y ← Z that has arrowheads "colliding" at one of the variables. A collider is unshielded if it has no edge between X and Z ðthe "colliding" variablesÞ. In an unshielded collider like Race → Education ← Parental Income, the colliding variables are independent unconditionally but conditionally dependent given Education. This is just one example of how graphical structure in a DAG relates to conditional independence facts in data. When social theorists use CBNs to represent a particular hypothesis, they should keep in mind such correspondences between graphical structure and independence facts. In particular, only if the social theorist believes that Education is in fact independent of Gender given Race ði.e., learning a person's gender is irrelevant for predicting his or her educational attainment when race is held fixedÞ does the structure in figure 1 accurately model the social system under investigation.
Such connections between graphical structure and probabilistic independence can be exploited in order to search for graphical models from data: the same kind of observational data that are typically available in quantitative sociological data sets ðor in epidemiology, political science, or macroeconomicsÞ. Different algorithms are appropriate for different kinds of data. An overview of these algorithms would be inappropriate here; but see Eberhardt ð2009Þ and the references therein for a more comprehensive introduction to the variety of search procedures and their requisite assump-tions. The key idea is that researchers can use the same kind of observational data collected by government agencies, universities, hospitals, or other sources to learn causal structure.
2
Once the causal structure is known-whether by application of search algorithms, domain-specific background knowledge, or other means-the researcher may quantitatively estimate causal effects of interest. Typically in the social sciences, causal effects are associated with the outcomes of interventions. The probability distribution of Y when X is set to some specific value x can be represented using Pearl's notation: PðY|doðX 5 xÞÞ. The expression doðX 5 xÞ is a way of saying that X is forced to take the value x, by some policy implementation or controlled experiment. This is generally distinct from PðY|X 5 xÞ, which represents the distribution of Y in the subpopulation for which X 5 x. To illustrate this difference, think of the distribution of wealth in the subpopulation of Americans who have a bachelor's degree, that is, PðWealth|Education 5 Bachelor'sÞ, as distinct from the distribution of wealth when all Americans are somehow forced to get a bachelor's degree, that is, PðWealth|doðEducation 5 Bachelor'sÞÞ.
3
Explicating which interventionist quantity is referred to by "causal effect" depends on context, in particular, what kind of data the researcher is working with. For example, when working with linear and continuous variables, it is common to define the total causal effect of X on Y as ðy=yxÞEðY j doðX 5 xÞÞj x5x 0 . This is the rate of change in the expectation of Y as X is forced to vary. When working with binary variables, one might define the total causal effect of X on Y as E½YjdoðX 5 1Þ 2 E½YjdoðX 5 0Þ. If the purported cause variable can take on more than two values, the causal effect is usually defined with respect to some reference value. For example, the causal effects of doðRace 5 WhiteÞ and doðRace 5 AsianÞ on W ðwealthÞ can be defined with Race 5 Black as a reference value: E½WjdoðRace 5 WhiteÞ 2 E½WjdoðRace 5 BlackÞ and E½WjdoðRace 5 AsianÞ 2 E½WjdoðRace 5 BlackÞ, respectively. The choice of reference value is important and usually reflects something about the researcher's question of interest. Note that total effects are distinct from direct effects, where the former is a sort of combination of all the causal pathways between X and Y and the latter is only a measure of the direct connection. There are numerous other "causal effect" quantities that a researcher might be interested in. 4 The key point is that to accurately estimate these quantities from observational data, it is necessary to know something about the causal structure; they are not generally derivable from correlations alone. But once the causal structure is known, there are a number of techniques for obtaining consistent numerical estimates of these quantities from data.
We should mention that there are alternative methods for estimating many of these quantities of interest that are not graphical, for example, Rubin's ð2005Þ potential outcomes approach to causality. Rubin's framework is mathematically equivalent to the CBN approach, but we think that the graphical approach has some advantages. In particular, the graphical representation is useful for tractable and careful representation of causal hypotheses in domains with a large number of variables, it facilitates reliable and fast inference from observational data, and this framework comes equipped with methods for algorithmic search. There has been recent work directly relevant to the topic of this article within the potential outcomes framework ðEgami and Imai 2015; VanderWeele 2015Þ. The authors define a quantity called average treatment interaction effect, which has two interpretations. These interpretations correspond quite nicely to what we refer to as 'nonadditive intersectionality' and 'switch intersectionality'. An important difference, however, is that in this alternative formalism the two interpretations are mathematically equivalent, whereas in our discussion the two ideas can be formally distinct; they may be equivalent under certain model parameterizations, but our present discussion is fully general and nonparametric.
Causal Interpretations of Intersectionality.
In this section we offer some interpretations of intersectionality claims by making use of the causal modeling framework. We begin with nonadditive intersectionality. One claim made by Cole in section 2 is that the social or economic effects of being a woman of color are not simply the sum of the effects of being a person of color and being a woman. We take this to mean that the magnitude of the causal effect ðon some dependent variableÞ of being a woman of color is not equal to the sum of the magnitudes of the causal effects of being a person of color and being a woman. Such a claim relies on the intelligibility of measuring the "strength" or "magnitude" of causal effects. How to spell this out more precisely depends on the interpretation of causation intended. Often, researchers have in mind the kind of interventionist quantities just discussed in the previous section. In such cases there is a straightforward way to represent the above claim. Let G represent gender ð0 5 male, 1 5 femaleÞ and R represent race ð0 5 white, 1 5 blackÞ. Both variables are being treated as binary only for simplicity here. The causal effect of gender on some dependent variable, for example, W ðwealthÞ, can be written
That is the difference ðwith respect to wealthÞ between intervening to make all members of the population perceived as female versus perceived as male. Similarly, the causal effect of race on W can be written v R ≔ E½W j doðR 5 1Þ 2 E½W j doðR 5 0Þ; ð2Þ and the expected difference associated with being perceived as white male versus black female is v GR ≔ E½W j doðG 5 1 and R 5 1Þ 2 E½W j doðG 5 0 and R 5 0Þ:
So one way of explicating an intersectionality hypothesis with respect to gender, race, and wealth is that the effects are nonadditive:
The intersectional theorist might also hypothesize that v GR is some specific function of v G and v R ðperhaps it is the multiplicative product, as the Cole excerpt in sec. 2 suggestsÞ. In another context, the "causal effect" of interest might not be the total causal effect, but it might be the direct effect, or the causal effect when certain other variables in the system are held fixed. Intersectionality theorists have also made claims about the intersection of other social categories ðe.g., age, citizenship status, or sexual orientationÞ, and analogous quantitative statements can be formulated for such hypotheses. With reliable estimates of the causal quantities involved, such hypotheses can be represented and tested against data. The framework allows for representations of privilege on par with representations of oppression or exclusion; being a white woman might involve certain advantages in some contexts ðrelative to other demographic categories under considerationÞ, and such claims can be straightforwardly expressed.
Switch intersectionality claims indicate that some categories interact to produce novel effects, that is, that there are effects associated with occupying the intersection of multiple categories that are not present for individuals 'outside' the intersection ðindividuals who occupy only some of the categories but not all of themÞ. One of Crenshaw's paradigmatic examples relates barriers to access to social resources to an individual's gender and immigration status ð1991, 1245-46Þ. Immigrant women, and in particular immigrant women of color, face unique obstacles to accessing certain social resources ðe.g., aid from domestic violence sheltersÞ. These are obstacles that nonimmigrant white women ðperhaps because they are more likely to speak fluent EnglishÞ are less likely to face; ðnon-Þimmigrant men, too, are not likely to encounter these particular obstacles because they are less likely to require the services of domestic violence shelters, in Crenshaw's example. So, occupying the intersection of certain categories-woman, immigrant, person of color-is associated with a specific effect. When demographic categories and effects are represented by random variables, this phenomenon can be understood as the emergence of effects that are active only when some variables take on specific values. That is, only when Gender, Immigration Status, and Race take on particular values is Resource Access 'switched on' as an effect. Unfortunately, the standard framework of CBNs is not ðby itselfÞ very useful for representing such situations. By definition, Z is dependent on X if there is any value of X that changes the probability distribution over Z. And since causal connections in CBNs are grounded in dependence facts, graphical representations are insensitive to 'context-specific' details. For example, if X is a cause of Z only when Y 5 1 ðbut not when Y 5 0Þ, we would still represent the system as in figure 2a . As we can see from the conditional probability table in figure 2b , only when Y 5 1 does changing the value of X affect the probability of Z 5 z. When Y 5 0, X and Z are independent. Spirtes et al. ð2000, 24-25Þ discuss this limitation of the CBN framework, and they point out that a graph like the one in figure 2a is correct but not fully informative; there is information in figure 2b that is masked by the "global" definition of independence. Incorporating contextspecific ð"local"Þ independence of this sort in graphical modeling is an active area of research, especially in computer science. Several augmentations to the Bayesian network have been proposed and explored ðGeiger and Heckerman 1991; Boutilier et al. 1996; Chickering, Heckerman, and Meek 1997; Friedman and Goldszmidt 1998Þ . Work in this area incorporates facts about independences that hold only in certain contexts, that is, only when certain variables take on particular values. Most simply, we can represent such information with conditional independence tables as in figure 2b , but more elaborate supplements or changes to Bayesian network representations such as multinets, similarity networks, decision trees, and decision graphs have proved fruitful in the design of certain algorithms. We will briefly illustrate the multinet representation, following Geiger and Heckerman ð1991Þ, since it is most similar to the Bayesian network representation already introduced.
A multinet is just a set of Bayesian networks, where each graph in the set is "localized" to a specific variable assignment for one variable. Suppose we have collected data on three variables: Immigration Status, Incarceration 5. Note that a causal connection can have positive or negative strength: so causes can both 'promote' and 'inhibit' their effects.
Rate, and National Origin. The last variable is partitioned into three values: one's National Origin can be equal to 'United States', 'Latin America', or 'elsewhere'. In the southwestern United States, border patrol officers target individuals believed to be from Latin America, entering the country without documentation ðMiller 2010Þ. There are of course immigrants from elsewhere in the population, but they are not the targets of American border patrol and so are less likely to be incarcerated. Among individuals from Latin America then, Immigration Status is a cause of Incarceration Rate. Among individuals from the United States or elsewhere, perceived National Origin is a common cause of both Immigration Status ðsince individuals with origin in the United States are almost definitely citizensÞ and Incarceration Rate. Also, among individuals from the United States or elsewhere, learning their Immigration Status is not informative for predicting Incarceration Rate when the value of National Origin is known; Immigration Status and Incarceration Rate are made independent by conditioning on their common cause. The multinet representation of this hypothetical is in figure 3 . This is one way of presenting the idea that immigrants from Latin America experience a novel effect. Note that we are departing from the usual causal semantics associated with CBNs. In a CBN, X causes Y if there is a directed edge or a sequence of directed edges from X to Y. Although there is only a directed edge between Immigration Status and Incarceration Rate in the second graph, the understanding is that immigration status is only causally efficacious among individuals from Latin America. There is no sense in which either National Origin or Immigration Status is "the" singular cause of Incarceration Rate: the two variables interact to affect Incarceration Rate.
There are a number of caveats to representing switch intersectionality with multinets. Care must be taken in interpreting multinets causally. In many computer science applications, the intended use of graphical models is efficient calculation of conditional probabilities, not the outcomes of interventions. So, the apparatus is not explicitly causal, and the causal inter- Figure 2 . a, Causal DAG; b, probability table.
pretation of work in this area is currently underinvestigated. In particular, if the variable that is partitioned and conditioned on across graphs in a multinet ðNational Origin in our exampleÞ is an effect of other variables in the graph, new dependencies can be introduced by conditioning that are perhaps incorrect to interpret causally. If the variables in figure 3 were embedded in a larger causal structure that had an unshielded collider at National Origin, the colliding variables would become dependent when we condition on National Origin to create the individual graphs in the multinet. That dependence would introduce an edge between the colliding variables that should not be interpreted causally. See Geiger and Heckerman ð1991, 121Þ for discussion. Multinets are thus more promising representations when the partitioned and conditioned variable ðe.g., National OriginÞ has no causes; that is, it has no parents in the set of measured variables. Finally, it should be noted that search procedures for discovering multinet structure from data are less developed as compared with CBNs.
The considerations in this section indicate that intersectionality claims can be effectively investigated with quantitative methods. The appropriate representations and mathematical tools depend on the kind of claim being investigated and the kind of data available. We hope that the social researcher interested in incorporating intersectional analysis in her work can benefit from some of these tools.
Demographic Categories as Causal
Variables. Before concluding, we anticipate and forestall some objections that theorists may have to our explication of intersectional concepts. For, in addition to the worries about quantitative methods in intersectionality theory referred to in section 1, there have been worries expressed about statistical measures of race as a cause in general ðBonilla-Silva and Zuberi 2008Þ and about the use of the CBN framework in particular to study the causal effects of membership in demographic categories ðHolland 2008Þ. Since readers may be familiar with such concerns, we address them here.
The general worry about the use of statistical measures of race as a cause is that they will tend to promote the reification of racial categories. Such a reification has historically been associated with pernicious social movements and is in any event scientifically implausible ðBonilla-Silva and Zuberi 2008, 6; Maglo and Martin 2012Þ. Whatever merits there are in this argument, we do not believe that it counts against the work we have done here. We are explicating claims made within the intersectionality literature. If we are correct, authors in that literature were already committed to the idea that membership within demographic categories plays a causal role in bringing about the life experiences that people undergo. The fact that it may not have been expressed in formal terminology does not seem relevant to whether this is objectionably reifying or not. Rather, it is the fact that demographic categories are playing any sort of causal role at all that drives this line of critique. We have not invented any such causal claims, but rather we have provided a causal modeling framework for their more explicit representation. If intersectionality theorists decide to revise or reject prior claims as a consequence of seeing them made fully explicit, then in one sense our task has been successful.
The more specific worry about the CBN framework concerns its link to the interventionist framework. Some social scientists claim that we cannot intervene on a person's gender or race, so we cannot properly treat these properties as causes of anything but rather only as proxies ðe.g., Woodward 2003, 115; VanderWeele and Robinson 2014Þ . If interventions are required to understand the empirical content of causal claims in the CBN framework, then this seems to count them out as potential causes. But we have claimed that an advantage of our theory is that it allows the application of quantitative methods to give empirical content to intersectionality theory, a branch of theory that requires the use of demographic categories. This objection thus gets at the heart of our project.
Our first reply is to note that the CBN framework is not inextricably bound to interventionism ðGlymour and Glymour 2014Þ. Hence even if one objects to, or rejects, this understanding of causation, one can still benefit from using CBNs to represent one's causal claims. In tying causal structure to a particular sort of graph structure, the CBN framework facilitates the full and explicit recognition of all the factors one thinks are relevant to the situation at hand. As we hope our diagrams show, this can encourage the clear representation of one's claims and thus make it easier for both theorists and critics to get a handle on whatever model is being used in a given analysis. Furthermore, if this alternative causal semantics satisfies some minimal conditions like, for example, 'causes change the probabilities of their effects', then facts about conditional independencies are still relevant and could significantly narrow down the space of empirically adequate models for a given data set.
We should note that in particular our explication of 'switch intersectionality' does not depend in any way on an interventionist semantics for causation. However, 'nonadditive intersectionality' does as we described it. We are not aware of any way of ðquantitativelyÞ spelling out the comparison of 'strength' of causal links that does not assume some kind of interventionist account of causation. Perhaps there is some alternative measure of causal strength between two variables that does not refer to interventions; in this case the researcher can adopt an analogous scheme for talking about when the strengths of multiple causal connections combine in a particular functional way. So one can view our explication of nonadditive intersectionality as a general recipe for hypotheses that are both causal and nonadditive, even though our own mathematical representation is wedded to interventionism.
However, our second and more substantive reply is that intersectionality theorists should adopt an interventionist framework. We consider it an advantage of interventionist interpretations of causation that they require those inclined to make causal claims to be explicit about what exactly would have to change in order to bring about a difference. Woodward argues a similar point and uses the example of the ðapparentÞ effects of gender on hiring decisions to illustrate the idea ð2003, 114-17Þ. Being explicit about the interventions one believes necessary to make a difference on hiring decisions can cause one to realize that an applicant's gender is not the cause of her hiring outcome. Often, perceived gender and perceived race can be manipulated to change hiring outcomes, and we see that in some experimental work on hiring bias, perceived race and perceived gender are experimentally controlled ðe.g., Moss-Racusin et al. 2012Þ. In these cases, the true cause of the hiring decision is something about the wider patriarchal social structure in which the hiring takes place, in the sense that manipulating the social structure while keeping the applicant's gender fixed would lead to different hiring outcomes. Woodward's point seems to mirror intersectionality theorists' talk of interlocking 'systems of power' or 'systems of oppression' bringing about consequences for differently located individuals, some of which we quoted in section 2. This suggests that macro-level social factsfor instance, that there exist widespread discriminatory employment practices-are the causes of interest to intersectionality theorists.
Note, however, that Woodward's interventionist framework may not be fully adequate to capture all the macro-level causes that social theorists may attribute to particular outcomes. Woodward places restrictions on what is the right kind of intervention ð2003, 98Þ. It is an open question of broad social concern whether interventions on macro-level phenomena such as 'the patriarchy' or 'global capitalism' could ever satisfy the conditions Woodward outlines. If not, then in Woodward's theory these phenomena cannot be causes at all. Perhaps interventionist talk needs some further refinement to capture these phenomena of interest. In particular, it may be usefully refined by being built into a theory of social structural explanation, as outlined by Haslanger ð2015Þ. To give a Haslangian social structural explanation of some phenomenon is to outline a system of relations people ðor animals or objects of any sortÞ stand in to each other then show that occupants of certain positions in this system are bound by whatever constraints the system induces to act in ways that produce the phenomenon. For instance, Haslanger discusses a social structural explanation of the differences in average level of economic power of men and women by noting that a couple consisting of a man and a woman who live in a capitalistic society without affordable child care and in which there is a wage gap between men and women will, within such a structure, tend to act rationally by having the woman drop out of the labor force upon the birth of a child and thus accrue greater economic power to the man ðHaslanger 2015, 10Þ. Nothing particular about the man or woman involved was necessary to state this explanation; we simply needed to describe some facts about the social structure they exist within and note the constraints these facts place on the couple's decision making. We believe that in order to make sense of the claims about macrosocial causation that intersectionality theorists seem to rely on within an interventionist framework, it would be useful to develop a CBN interpretation of Haslangian social structural explanation wherein the organization of the graph represents the social structure in question. We hope to explore this idea in future research.
These considerations serve to illustrate the general moral: causal claims that intersectionality theorists are interested in and that are based on demographic categories are often ambiguous in an important sense, and being explicit about the relevant interventions can serve to "disambiguate" them. Hence, despite the apparent tension, the interventionist framework may cohere especially well with the concerns of intersectionality theorists by pressing scholars to pay explicit attention to the sort of proxies that might be used for demographic categories when making causal claims. We hope that our explication actually prompts future research on intersectional theory to investigate the question of what role ðif anyÞ demographic categories should play in causal explanations of social phenomena.
Consideration of these objections thus actually served a dual purpose. First, it is important that social scientists be aware of these worries when they apply the CBN framework. A common feature of all our replies to these lines of critique is that the only way of avoiding these problems is to explicitly consider them as one works. But, second, they highlight a further benefit to the causal interpretation of intersectionality analysis. Previous theoretical work was, we claim, already bound up in particular causal claims. However, since people were not explicit about the causal status of their claims, these issues have not yet been addressed in the context of intersectionality theory. Simply by being explicit, the causal interpretation of intersectionality encourages conscious consideration of these issues by intersectionality theorists. This increase in self-awareness is itself a considerable advantage, especially since it draws attention to the question of what interventions would be necessary to bring about relevant events.
6. Conclusion. We have responded to social scientists' call for concrete predictions and testable hypotheses from intersectional theory and provided social scientists one way of quantitatively testing these hypotheses. At the same time, we have tried to stay true to some of the prominent claims of intersectional theory: switch intersectionality and nonadditive intersectionality. The former states that systems of power intersect such that they produce effects on an individual that they would not produce ðin the same wayÞ if the systems of power did not intersect; the latter states that individuals' intersectional identity can influence their life more than one would expect by merely "adding" the effects on each group of which they are a member. Both feature prominently in descriptions of intersectional theory by intersectional theorists.
Causal modeling lends itself particularly well to testing for these two concepts of intersectional theory in a given sample. CBNs in conjunction with a multinet augmentation are just one type of tool for social scientists to examine intersectional hypotheses. However, when researchers adopt the interventionist framework, they gain a vocabulary with which to render explicit claims about potential interventions on perceived race and gender as well as to empirically describe the "interlocking systems of power" emphasized by intersectional theorists.
Of course, quantitative analysis has its difficulties, and the approach suggested here suffers from all the usual practical hurdles, for example, the availability of good, representative data sets. Also, when the "main effects" are strong, statistically significant interactions may be difficult to detect ðBowleg 2008Þ. Nothing we propose alleviates these difficulties, but we hope to have illuminated a more sound methodology for those quantitative social scientists who are interested in exploring intersectional hypotheses.
The use of CBNs and particular augmentations can be immediately applied to current intersectional research questions. For example, Thompson et al. ðforthcomingÞ examine potential factors in the early drop-off after introductory courses ðand, thus, the underrepresentationÞ of both women and black students in philosophy. However, they have been criticized for failing to examine intersectional hypotheses about black women in philosophy ðFreeman 2014Þ. Although no explicit intersectional hypotheses have yet been proposed for the underrepresentation of black women in philosophy, the methods described in this article could be used in further research to explore whether the experiences in philosophy classrooms of black women are different compared to both black men and white women either in kind or in intensity.
Our analysis may also be used to test Antony's ð2012Þ perfect storm hypothesis. This hypothesis suggests that there is no single factor that can explain why women are still severely underrepresented in philosophy compared to other disciplines such as biology and English, but rather a number of familiar factors "take on particular forms and force as they converge within the academic institution of philosophy" ð231Þ. Antony's perfect storm hypothesis is explicitly an intersectional hypothesis. These familiar factors may include phenomena such as stereotype threat, implicit bias, an emphasis on particular individuals in an entrenched canon, and the stereotype of a lone thinker. None of these factors by themselves is enough to explain why philosophy's demographic diversity has lagged behind many other fields; together these factors create a 'perfect storm'. This is a case of switch intersectionality. However, it is worth noting that the intersecting variables according to the perfect storm hypothesis include stereotype threat and diversity of authors on the syllabus rather than demographic variables. Although the factors that are interacting are not demographic variables in this case, we believe that the analysis presented in this article suggests the type of comprehensive data set that would be required to test the perfect storm hypothesis. While there may not be a data set combining evidence about implicit bias, stereotype threat, and other factors contributing to the underrepresentation of certain groups in philosophy, our analysis also provides a way to analyze the data for intersectional hypotheses were the data to be available.
Ultimately, we see this article as just one step in the right direction. Further research should investigate quantitative methods for testing hypotheses involving other features of intersectional theory. Research relating qualitative and quantitative methods would also be extremely fruitful for intersectional theorists and social scientists alike. Finally, by accepting the empirically testable interpretations of intersectional theory described here, intersectional theorists could provide new, concrete, and testable intersectional hypotheses.
